The integrated exposure uptake biokinetic (IEUBK) model for lead is recommended for use by the U.S. Environmental Protection Agency (EPA) at residential Superfund sites to predict potential risks to children from lead exposure and to establish lead remediation levels (1) . The IEUBK model is designed to integrate exposure from lead in air, water, soil, dust, diet, paint, and other sources with pharmacokinetic modeling to predict blood lead concentrations in children 6 months to 7 years of age. Based on the available information about children's exposure to lead, the model estimates a distribution of blood lead concentrations centered on the geometric mean blood lead concentration. This distribution is described by the interindividual geometric standard deviation (GSDi) and is intended to represent the variability in blood lead concentrations for children exposed to similar environmental concentrations of lead.
This variability is a result of behavioral and physiological differences and variability introduced during laboratory analysis. From this distribution, the IEUBK model calculates the probability that children's blood lead concentrations will exceed a level of health concern. The EPA has established a blood lead concentration of 10 pg/dL as the level of health concern. The EPA Superfund program has also made a policy decision that no more than 5% of the distribution of blood lead concentrations should exceed this 10 pg/dL concentration of health concern (Z). For example, lead-contaminated soil at Superfund sites will be remediated to a level where there is no more than a 5% probability of blood lead concentrations in children exceeding 10 pg/dL, as calculated by the IEUBK model, even when measured blood lead concentrations in the site population are below 10 pg/dL. For a given geometric mean blood lead concentration predicted by the IEUBK model, when the GSDi is large, a larger portion of the population is expected to be above the blood lead concentration of 10 pg/dL. This results in a larger estimate of risk and a greater extent of remediation at a site. When the GSDi is smaller, even though the estimated geometric mean blood lead concentration is the same, less of the population falls above 10 pg/dL, and less remediation is needed. Given that blood lead concentrations in the U.S. population have been decreasing since the 1970s and that the national average is 2.3 pg/dL (3), even minor changes in the GSDi can have a significant impact on the extent and costs oflead site remediation.
The recommended default GSDi for the IEUBK model for lead is 1.6 and is based on an average of GSDi calculations from blood lead studies at three lead-contaminated sites. The GSD.s for these sites ranged from 1.5 to 1.7 (1) . These GSDis were calculated using residual standard deviation estimates in a system of structural equations and used all blood lead concentrations as reported. At the majority of hazardous waste sites where lead is a contaminant, few environmental data and no blood lead concentrations are collected. At these sites it is appropriate, and generally protective, to use the default GSD; in the IEUBK model to characterize variability in blood lead distributions and calculate media-specific cleanup goals. However, given regional differences in population demographics and behaviors, the GSD; may vary from site to site. GSDi estimates for several mining and smelting sites ranging from 1.3 to 1.8 have been reported (4) . If a well-designed and representative blood lead study has been conducted for a site, this information can be useful in calculating a site-specific GSDi, which improves the accuracy of the IEUBK model predictions and the calculation of media-specific cleanup goals. This paper presents several methodologies for calculating the GSDi, including those described in the Guidance Manualfor the IEUBK Modelfor Lead in Children (1) and discusses the performance advantages and limitations of each. values were calculated using the data as reported, replacing values below the detection limit with one-half the detection limit (0.7 pg/dL), values below the detection limit with the detection limit (1.4 pg/dL), values below the method quantitation limit with one-half the method quantitation limit (1.0 pg/dL), and values below the method quantitation limit with the method quantitation limit (2.0 pg/dL).
Nonlinear regression analysis. Nonlinear regression analysis consisted of two log regression model equations-the log of linear and the linear in log models (9, 10) . The log of linear model regresses the log of the sum of all explanatory variables on the response variable, the log of blood lead. The linear in log model regresses the sum of the log of each explanatory variable on the log of blood lead. The explanatory variables consist of combinations of age, soil lead, dust leads inside and outside the home, mouthing index, and the SES. Age was represented by a dummy variable and was stratified in 12-month intervals from 0 to 72 months.
Nonlinear regression model selection. Competitive models using various combinations of the explanatory variables were evaluated for selection of the best model on the basis of greater adjusted R2, positive coefficients (except SES), and positive coefficients significantly greater than zero. Some simple regression diagnostics such as residual normality, autocorrelation, and homogeneity of variance were performed to assess model validity. Nonlinear regression models were fit using the nonlinear regression program in SYSTAT (SYSTAT for Windows: Statistics, version 5 edition; Evanston, IL). Nonlinear regression was performed to accommodate small departures from linearity.
The residual log blood lead is the difference between the observed log blood lead and the estimated log blood lead. The GSDi for nonlinear regression models is calculated as the exponential of the square root of the variance of the residual log blood lead. The approximate two-sided 95% confidence interval (CI) around the GSDi is given by:
where rv is the residual variance; dfis the degrees of freedom (sample size minus number of explanatory variables minus 1) of the nonlinear regression; and t is the 97.5 percentile of the tdistribution with df Structural equation modeling. Structural equation models (SEqMs) were developed for this study in a manner analogous to the nonlinear regression models. SEqM in this comparison was performed using EQS version 4.02 (BMDP Statistical Software, Inc., Los Angeles, CA) and PROC MODEL in the SAS/ETS (Econmetrics and Time Series) package (SAS Institute, Inc., Cary, NC). EQS was used to develop linear in log models, and PROC MODEL was used to develop log of linear models. Data were also analyzed using SAS PROC LIFEREG, an alternative method using censored regression modeling.
There are a number of differences in the purposes and methods between EQS and PROC MODEL, although similar results
Volume 107, Number 6, June 1999 * Environmental Health Perspectivescan be obtained when comparable methods are used. The EQS estimation procedure used in the SEqM was maximum-likelihood with robust error estimates. The PROC estimation procedures evaluated in this comparison were: seemingly unrelated regressions (SUR); iterated three-stage least squares (IT3SLS); generalized method of moments (GMM); iterated generalized method of moments (ITGMM); and full information maximum likelihood (FIML). Details of differences among the methods are described in the ETS User's Guide (11) .
The EQS and SAS models were evaluated and a best model for each data treatment was selected based on goodness-of-fit statistics, and significantly positive environmental lead coefficients for those explanatory variables regressed directly on blood lead (12) (13) (14) (15) For sliding box models, data were treated identically to static box models; however, the cells overlapped. By overlapping concentrations of soil and dust, a child could be a member of more than one cell. This method adds power to the results by increasing the number of boxes that can be used and by increasing the number of children in each box. However, because the mean blood lead concentration of some, but not all, children is used more than once, it could be argued that sliding box results are biased.
Results
The results of the statistical analyses of the Bingham Creek and Sandy studies are presented separately. There were 875 children in the Bingham Creek data set with blood lead, soil lead, and interior dust lead concentrations included in the analysis. In blood lead samples from 170 of the children, at least 1 of the duplicate values was below the method detection limit. In blood lead samples from 65 children, both of the values were below the method detection limit. Samples from 377 of the children had at least 1 of the duplicate values below the method quantitation limit, and samples from 94 of the children had both values below the method quantitation limit. A large majority of the children (n = 832) lived in homes where both the soil and dust lead concentrations were below 400 mg/kg. The geometric mean blood lead concentration for the Bingham Creek data set was 3.1 pg/dL and the sample GSD was 1.6.
None of the environmental data for children included in the analysis fit any of the common univariate distributions. Concentrations of lead in soil, water, and interior and exterior dust were significantly correlated with blood lead concentrations at the 5% level of significance. Age and SES were negatively correlated, whereas the environmental variables were positively correlated with blood lead concentrations. Average soil concentration was significantly positively correlated with both interior and exterior dust. Generally, the correlations were significant but were small. The three-dimensional plot of soil, interior dust, and blood lead did not reveal any apparent outliers.
The best nonlinear regression model for the Bingham Creek data set was log (observed blood lead) = log (BD x interior dust lead + BE x entryway dust lead + B x12 x SEqM GSDs are presented in Results of the box models are presented in Table 3 . Depending on treatment of values below the detection and quantitation limits, GSD, ranged from 1.3 to 1.7.
There were 105 children in the Sandy data set with blood lead, soil lead, and interior dust lead concentrations included in the analysis. In blood lead samples from 14 of the children, at least 1 of the duplicate values was below the method detection limit. In blood lead samples from six children, both of the values were below the method detection limit. Samples from 23 of the children had at least l of the duplicate values below the method quantitation limit, and samples from 10 of the children had both values below the method quantitation limit. The geometric mean blood lead concentration for the Sandy data set was 3.1 pg/dL. The sample GSD was 1.6.
All data for children included in the analysis of the Sandy data set fit log-normal distributions. Concentrations of lead in soil, entry dust, and mouthing index were significantly correlated with blood lead, but the correlations were small. Interior dust, curb dust, age, and SES were not significantly correlated with blood lead concentrations.
The best nonlinear regression model for the Sandy data set was log (observed blood lead) = Table 6 , the GSDib for all children used in the Sandy analysis ranged from 1.0 to 1.9.
The highest GSDib was in the 0-200 mg/kg soil and dust lead box, whereas the lowest GSDib was in the 400-600 mg/kg soil lead, 800-1,000 mg/kg dust lead box.
The GSDi can be calculated using several methods. Each method has advantages and limitations. The box models do not require any model-fitting procedures, and the results are probably most representative of the strictest definition of GSDi because the results are based only on environmental variables. However, some judgment is required about the important environmental determinants of the variability in blood lead. Although soil and dust lead were valuable in defining the boxes for the Bingham Creek data set, they were less adequate for the Sandy data set. Even when the variables are chosen appropriately, the sizes of the box intervals are subjective. Regression models allow the GSDi to be estimated from the standard deviation of the residuals for the log of blood lead.
The underlying assumption of regression models is that the residuals have the same standard deviation regardless of the values of the predictors and that the regression model is correctly specified. SEqM allows adjustment of blood lead regression models for certain measurement errors in precursor variables such as dust lead. However, when the precursor variables are not actually predictors of blood lead, complexity of the computations increases with no improvement in the fit of blood lead in the model. Many SEqM results are sensitive to the computational method chosen for fitting the model. Variability in calculating the GSDi is more dependent on the treatment of blood lead concentrations below the method (20) that concentrations reported below the detection limit should be used as reported, but using reported blood lead concentrations as low as 0.0 1tg/dL artificially increases the variability because there is residual blood lead in all children (21) . Therefore, we chose to look at the other data treatments.
The limitations of the nonquantifiable data could be greatly reduced by using analytical methods with lower detection limits. Some may question the necessity of more accurately measuring blood lead concentrations below concentrations of current health concern. As mentioned previously, the EPA Superfund program policy is to remediate hazardous waste sites where the IEUBK model predicts a more than 5% pg/dL (5) . The Sandy site is considered small in comparison with most smelting and mining sites being investigated by the Superfund program. We believe more accurate measurements of blood lead concentrations below typical detection limits, or at the very least, examinations of the impact of nondetectable values on the calculation of a site-specific GSDi, has merit.
Most risk assessors will not have the computer software and/or the statistical background to perform nonlinear regression and/or SEqM. Because the different methods for calculating GSDi values yield similar results, the following simple procedure is recommended to calculate a sitespecific GSDi. First, log transform blood, soil, and interior dust concentrations. Using multiple linear regression, regress the log-transformed soil and dust lead concentrations on the log-transformed blood lead concentrations. Use the box model to calculate the GSDi for environmental variables having positive lead concentration coefficients. We recommend the use of the median as the GSDi because, at least for data sets where many children have low concentrations of environmental exposure, the median value is least affected by the treatment of nonquantifiable values.
Alhough we have presented a critical evaluation of calculating a site-specific GSDi for a site where a well-designed and representative blood lead study has been conducted, risk assessors must continue to use professional judgment when advising risk managers on future potential risks at the site. The site-specific GSDi defines the variability in the current population. Population demographics and behavior of the community could shift in the future and should be considered during risk management decisions. 
